With the all-pervading mobile devices and continuing advancement of big data technologies, mobile phone data research has been gaining widespread popularity in the past few years. Dealing with the implausible location caused by cell handover phenomenon in the communication system is one key problem of user mobility profile building based on mobile phone call detail records (CDRs) data. In this paper, we propose a location discrimination model aiming at CDRs data, where heuristic strategies for the characteristic of the oscillation phenomenon from practical CDRs and handover categories are added to distinguish the stay points, passing points, and oscillating points. A whole month of CDRs data from one communication operator is employed to select parameters and validate the model on the Spark platform. The experiment results betray that the proposed model can identify the false locations effectively. Compared with the threshold models, the result of the proposed model is more reasonable both in the population aggregate level and individual level. Besides, the model can retain more user's trajectory points than clustering algorithm, so it can improve the quality of user mobility modeling.
Introduction
Mobile phones have become ubiquitous devices in the world. Each mobile phone connecting to the cellular network (GSM, CDMA, GPRS, UMTS, LTE, and so forth) generates digital traces which may serve as representative of traffic indicators and human behavior. Call detail records (CDRs) from mobile phones contain spatial-temporal of anonymized subscribers. Since CDRs are automatically collected by cell phone carriers for billing purposes, compared with data from traditional manual survey, mobile phone data have advantages in effortless collection, large-scale data, wide coverage, low collection cost, and good real-time performance, which have been studied largely in the transportation field, but it causes many challenges to be studied in depth [1, 2] . González et al. [3] analyzed human movement pattern based on mobile phone base station data and concluded that the individual trip mode tends to be in single spatial probability distribution. Song et al. [4] proved that the upper limit of human trip behavior predication accuracy can reach 93% based on trajectory entropy formed by mobile phone data. In recent years, mobile phone data has been widely adopted to study people's movement characteristics [5] [6] [7] , activity characteristics [8] , traffic demands [9] , origination destination (OD) features [10] , traffic flow [11] , disease prevention, and so on. In addition, technologies related to big data provide important technical support for the research and application of massive mobile phone data.
Despite these advantages, handover problem is very challenging because the mobile device's real location is not known. In order to ensure that mobile station is connected to communication base station while it is stationary or moving, necessary handover should be implemented in mobile communication system [1, 12] . However, due to dynamic changes in signal strength and various transmission conditions, significant noise can be observed in CDRs data. Geographical environment and buildings impact signal transmission, and overlap and load balancing in cellular signal coverage areas cause a mobile phone to be assigned to multiple base stations. Even if the mobile phone is stationary, it will also be connected to different base stations instead of the nearest base station, causing false displacement [2, 12] . In order to ensure the quality of network services during movement, handover will be more frequent. In addition, the layout of base stations will also affect the handover [12] . Handover is an important source of CDRs data problem. The aim of this paper is to detect and alleviate trajectory distortion problem by heuristic strategies, so that the accuracy of path reconstruction can be improved in the position data provided by mobile operators.
The remainder of the present study is structured as follows: in Section 2, handover issue and related resolutions of previous research on mobile phone data are summarized. In Section 3, data processing methods are introduced, then a detailed introduction is presented to explain the framework of the proposed model, and the parameters selection. In Section 4, the analysis results of some users' trajectories obtained through this model are shown at the individual and aggregate level and compared with those obtained based on other methods. In Section 5, the conclusion is given.
Related work
A key issue in the application of call detail records (CDRs) data to user mobility modeling is the handling of false location caused by signal handover and caused oscillation, which has a great impact on the accuracy of study results. Signal handover between mobile phones and base stations is a very common phenomenon in the field of cellular communications and is also an important technology [1, 12] .
Classification and characteristics of handover
Common handover in communication network can be roughly divided into four categories: intra-cell handover, handover between different cells in the same base station controller (BSC), handover between different BSCs in the same mobile switching center (MSC) and between different MSCs. Handover in CDRs data is also mainly divided into four categories [1, 12] 
Cell layout
The coverage radius of early communication base station signals was large, which was usually several kilometers, even more than 10 km in sparsely populated areas, so the handover was not very frequent. With proliferation of mobile phone users and the increasing demand for network capacity, "cell splitting" technology is adopted to achieve capacity expansion in communication system and microcell is emerged with coverage radius of several hundred to several tens of meters, which causes frequent handover. In general, the communication network assigns fast-moving mobile phones to a macro-station, and slow-moving mobile phones to a micro-station. In this way, a mobile phone may frequently cross the cell during a call [12] . In addition, there are still wide differences between CDRs data for uncertain time granularity and spatial granularity greatly affected by the deployment density of the base station [2] . González and Song et al. did not discuss mobile phone data handover and oscillation. Some studies adopted global position system (GPS) data processing method (such as Kalman filter method) for mobile phone data, and many studies adopted time threshold [6, 8, 10, 13] , distance threshold [6, 8, 9, 13] , and speed threshold [13] for oscillation point discrimination, and some studies also additionally adopted rules [13] or clustering algorithms [8, 14, 15] for it. However, threshold methods cannot be adopted to effectively deal with handover outside the thresholds; the clustering algorithm will cause loss of trajectory points in effective trip discrimination, and the method based on time window ignores trips within the window time [9] .
Fiadino et al. [16] presented a study on trajectory reconstruction, where they used a "Ping-Pong" suppression (PPS) method that ignores events where the device connects back to the previous cell within a predefined time window (transformation of subsequence in the event history ABA→AB). Vajakas et al. [17] used a novel technique for improved "Ping-Pong" effect suppression by compensating for some cell shape distortions based on temporal cell-to-cell transit statistics.
In short, handover is not designed for the collection of traffic data, and false location caused by handover affects the accuracy of the study. Therefore, various factors should be considered for location discrimination.
Method

Data description
CDRs data: records-related data generated when a communication carrier directly provides services for situations where a mobile phone makes a call, sends and receives a text message and so on [2] . In this paper, modeling study is carried out by taking CDRs data of a certain operator in Beijing in February 2015 as an example. The data format is shown in Table 1 . Field TIME-STAMP: UNIX timestamp, the total number of seconds from 00:00:00 GMT on January 01, 1970 to the time when data is acquired. LAC: location area code, location area; CELLID: cellular (also known as sector) unique code; TYPE: service type; USER: encrypted user flag, some code bits are replaced with * to protect user privacy.
Data processing flow
The data is filtered before modeling. For raw data, one file per hour, a total of 672 files, 972 GB. The number of records of all users in 1 month is counted, and the user records with only one location or users with more than 10,000 records in a day are removed. In this way, more than two million users are removed and 431 GB available data is remained, saving 55.66% of storage space. Then the User field is converted to a unique 64-bit integer to save storage space and speed up analysis. Again, in order to parallelize the trajectory on the big data platform, all trajectories of a single user are generated. The method is as follows: all data is grouped by user, and then sorted in ascending order of time after LAC and Type fields are deleted. Timestamp field is divided into two fields: firstTime and lastTime fields. For intra-cell handover and handover of different cells in the same BSC, a unique MergeID is specified due to the same location, and intermediate records are removed from continuous records with the same location, and the starting time and end time are recorded as the firstTime and lastTime. If there is only one record for this location, the firstTime and lastTime are the same. The number of records decreases from 9,926,992,567 to 4,941, 805,282, a decrease of 50.22%. See Table 2 for comparison with the raw data.
The data in this paper is stored on the Hadoop platform, and Scala language is adopted for data processing and analysis on the Spark platform (Version 1.6), and desktop GIS software for display. The data analysis process is shown in Fig. 1 .
Model definition
The basic definition of user location discrimination is as follows: T Stay point: If T i ðkÞstay ≥ δ duration , the current location is an obvious stay point; otherwise, it is not an obvious stay point; when T i ðkÞspeculate ≥ δ transfer , the point with the longest stay time is selected as the speculative stay point, and the current point is taken as the speculative stay point by default. δ transfer and δ duration are time thresholds.
Note: stay in this paper is defined as the situation where the mobile phone does not switch to other locations within the specified time. Time is defined as recording time, and does not represent the actual arrival or departure time of user. Widhalm et al. [8] conducted related study on this issue.
Model heuristic strategies
The following heuristic strategies are proposed for different types of handover. bc Þ and T ab < T δ or T bc < T δ , then point B may be an oscillation point, where λ is the parameter with range (0, 2). λ is set to 0.8 according to the road network and experience. 4. The non-Ping-Pong handover stay point is not an oscillating point. 5. Correct the triangle relationship to determine oscillation point. The sequence ABCD is taken as an example, if the i-1 and i-2 base stations are oscillation points in two consecutive judgments, let
is the oscillation point; otherwise, C is an oscillation point. 6. Processing when the handover distance is greater than the threshold. ABC sequence is taken as an example. If B is not a stay point, the handover distance D AB > D δ2 and v AB > δ vmax , then B is an oscillation point based on strategy (3). 7. Transfer time estimation. In general, the speed of movement is proportional to the distance, thus, we define a step-function which returns the transfer time given the distance d to be covered: 
where t 0 , t 1 , t 2 , t 3 , t 4 are time offsets that could be set according to different scenarios; v 1 , v 2 , v 3 , v 4 are transfer speed according to different transfer distance.
The mobile phone location determined by the model strategy is the primary home base station. In practice, it can be processed in depth with algorithms such as centroid, weight, and clustering, which can be more realistic in some cases.
Model parameter determination 3.5.1 Base station spatial distribution
According to the theory that cellular layout is featured with regular hexagon [12] , N neighboring base stations that are closest to each base station are found, and N is 1, 6, 12, or 18. Statistics is made to distance distribution i at intervals of 100 m to the neighboring base stations, as shown in Fig. 2 (P(d) -PDF, probability distribution function, probability distribution, CDF-cumulative distribution function, cumulative distribution). They all have two power-law distributions with negative slopes in Fig. 2 . The difference is that the N = 1 do not show positive slope of the first power law. The statistical results of range, mean, and standard variance of distance between the base station and its neighboring base stations are shown in Table 3 .
Handover distance threshold
Handover distance
Calculate all handover distances and perform statistics to the distances at an interval of 100 (excluding handover in the same location). Distance distribution is obtained as shown in Fig. 3 whose distribution is significantly different from the distribution of N = 1 in Fig. 2 and is significantly similar to the distribution of N = 6 or 12 in Fig. 2 , proving that handover not always switches to the nearest base station.
Ping-Pong handover distance
The distribution of Ping-Pong handover distance is obtained through the same handover distance method as shown in Fig. 3 . Comparison of the handover distance cumulative distribution at 1 km, 2 km, 3 km, ... , 8km is shown in Table 4 , which shows that Ping-Pong handover distance is closer than general handover. The handover and Ping-Pong handover thresholds are 5 km and 3 km, D δ2 and D δ1 are 5 km and 3 km respectively.
Stay time threshold
Determination of stay time threshold δ duration of T i ðkÞstay : the stay time of the user at each base station is counted, wherein the time of 81.40% of location points is less than 1 min, and the time of only 18.60% of the location points is 2 min and above. The stay time distribution is shown in Fig. 4 (CCDF-complementary cumulative distribution function), an inflection point occurs near 10 min, so the significant stay time threshold is set to 10 min.
Transfer parameter
Handover of a mobile phone from one cellular to another cellular involves two important parameters: transfer speed and transfer time threshold. The speed limit of China's expressways is 120 km/h, and in the city, due to intersection and road speed limit, V The trajectory of the user shown in Table 5 by the dotted arrow in Fig. 5 is taken as an example to illustrate the advantages of heuristic rules. Location 1825 is taken as the starting and end point of a trajectory of the user. According to record 3 to record 21, Ping-Pong handover occurs continuously between 1212 and 1524 of this trajectory. According to common sense, it is less likely that users continuously visit two locations in a short period of time. According to the heuristic strategy (1), the base station 1212 with a long stay time is selected, and there is no trip between 1212 and 1524. Record 6 to record 9 shows that handover above 4 km is completed in a few seconds and the oscillation is obvious, which can be recognized based on speed threshold [8, 13] . When the distance threshold is set to be less than the Ping-Pong handover distance, the Ping-Pong handover will be incorrectly judged as trip. With 5 min and 3 km as the stay time and trip distance threshold, record 11 to record 13, record 15, and record 19 to record 21 are all stay points, so multiple trip behaviors between 1212 and 1524 are obviously not realistic [13] . If 10 min [6] and Fig. 5 Trajectory of user's records in Table 5 Table Bold data records are tend to be misclassified by others methods Page 6 of 9 between record 4 and record 10, and according to the strategy (1), the recording time is attributed to one site to generate a stay point. A method with a cluster radius of 1 km and a stay of more than 15 min will also generate multiple trips between such handovers [8] . The method of counting the most access point as the stay point in the time window will lose this trip [9] .
To judge record 22, only considering the transfer speed, v 1142 − 1524 = 50.01 m/s, namely 180.06 km/h, so there is not enough evidence to exclude this point. But based on the heuristic strategy (3), L 
Mobility trajectory recognition
A trajectory of the user in Table 6 is shown by the dotted arrow in Fig. 6 . According to the heuristic strategy (6) and speed threshold, trajectory point 5821 is excluded. However, the user path from 6611 can be trajectory 1: 6611 → 6640 → 6467, or trajectory 2: 6611 → 6373 → 6467. It is a discrimination difficulty to select a path. When the trajectory jump to 6640, 6373 is judged as an oscillating point, but when it is judged to 6467, 6640 is also judged to be an oscillating point. According to strategy (5), trajectory 1 is selected. The solid lines shown in Fig. 6 are the final trajectory obtained by the model. According to the clustering algorithm [8] , 6611, 6373, and 6640 are generated as cluster centers, and other points within the cluster radius are merged, and many trajectory points cannot beretained.
Aggregate level 4.2.1 Average daily trip times
A trip with distance between two successive stay locations exceeding the distance threshold is considered as a valid trip. The time threshold is set from 2 min, and counted to be 80 min at an interval of 1 min. The distance threshold is 1 km, and the transfer speed is 3.6 km/h. Then the average daily trip times are shown in Fig. 7 according to stay time threshold. Figure 7 shows that the threshold method combined with time or distance or time and distance under appropriate threshold can also be adopted to obtain average daily trip times in accordance with the traffic survey, but it is not applicable to some individuals. For example, Iqbal et al. [10] treated the oscillations with a threshold of only 10 min, which is somewhat simple. We also get speculated stay locations except obvious stay locations.
Stay time characteristics
Stay time characteristics are analyzed by mainly studying the statistical characteristics of the user's stay duration, Fig. 7 Average daily trip times Fig. 6 Trajectory of user's records in Table 6 Shan
as shown in Fig. 8 , where τ represents the stay time (stay duration τ). It can be seem that after user's trajectory is processed by our model, the number of stay duration is 72.6% of that before processing, which reduces the small stay duration data and increases the long-term stay duration, and is also the result of eliminating some oscillation points. It makes the user's stay time distribution more reasonable. At the same time, the jump growth occurring near 115 min due to the mobile system setting during the stay duration is also greatly reduced, as shown in the illustration of Fig. 8a .
Time interval characteristics
The study of time intervals is generally expressed in terms of a distribution, such as the distribution of time intervals between consecutive communication records. Such intervals aim at user's call behaviors. Many studies have pointed out that the communication behavior has power-law characteristics, which is not described in detail in this paper. However, it should be pointed out that the time interval here is closer to the trip time and is the time interval between two stay locations, as shown in Fig. 9 . In this figure, the differences between the distribution stay time intervals before and after processing with trajectory processing algorithm are compared. The distributions are similar, but the number of time intervals after processing is 63.7% of that not being processed, which is obviously different with many power law distributions and Poisson distributions pointed out in many references.
Conclusion
Location discrimination of mobile phone CDRs data is the starting point and difficulty of research in this field. In order to overcome these problems, in this paper, the heuristic strategies in different situations are introduced into the location discrimination model, and the transfer time allocation heuristic strategy is added for the first time. The model parameter selection is elaborated by taking about 1 TB data as an example. The results show that this method can discriminate false location better, and it can be adopted to obtain more practical results at the individual level than the threshold and clustering methods, also can retain more track points to improve the accuracy of CDRs data in trajectory recognition. The model also performs well at the group level. In a word, the results provided remarkable improvement over existing techniques on real data. The increased accuracy can make mobile positioning methods more useful in mobility modeling. In addition, data structures and algorithms suitable for big data parallel architecture are proposed, which provide a solution for large-scale analysis of mobile phone data. Fig. 9 Time interval between stays distribution before and after using the heuristic strategies. a Probability distribution. b Cumulative distribution 
